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Abstract

End-to-end autonomous driving has progressed rapidly,
with vehicle-side models relying on perception or ego sta-
tus. UniV2X has extended this paradigm to the Vehicle-
to-Everything (V2X) domain, where the broader perceptual
scope of V2X offers a more revealing context for revisiting
the effective utilization of intermediate modules. Prior work
has examined the utility of intermediate modules in vehicle-
side models, with studies suggesting that historical trajec-
tories or current ego status alone may suffice for achieving
competitive performance on open-loop datasets. Our paper
aims to revisit this assumption in the V2X setting. Using
the UniV2X model as the baseline and the V2X-Seq dataset
as the testbed, we examine the contribution of intermedi-
ate modules to the final planning output and explore the
extent to which their utility is fully realized. Our study re-
veals that current end-to-end models tend to underutilize
the guidance provided by intermediate modules to the plan-
ning stage, reflecting a lack of planning-oriented design.
To address this issue, we propose Optimized Multi-Experts
Guided Autonomous Driving (OMEGA), a functional inte-
gration mechanism that explicitly improves the contribution
of intermediate modules to the planning process. Experi-
mental results demonstrate that our approach significantly
enhances the functional contribution of each intermediate
component. Our findings suggest that performance limita-
tions are not due to the lack of new modules but stem from
the underutilization of existing ones, urging a reconsidera-
tion of current end-to-end design practices.

1. Introduction

End-to-end autonomous driving has shown promising po-
tential in jointly optimizing perception, prediction, and
planning. However, whether intermediate modules are truly
leveraged to inform downstream planning remains unclear.
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Figure 1. Comparison of architectures in end-to-end autonomous
driving: (a) BEV-Planner relies only on BEV features and ego sta-
tus. (b—c) UniAD and UniV2X stack multiple intermediate mod-
ules, which increases modeling capacity but often results in under-
utilized components. (d) OMEGA transforms intermediate mod-
ules into experts with routing guidance, enabling them to actively
support planning.

Ablation studies in UniAD [4] show that stacking addi-
tional modules often degrades their effectiveness, suggest-
ing substantial underutilization of intermediate representa-
tions. Some prior works have questioned the necessity of
perception and prediction modules. Models such as BEV-
Planner [7] and AD-MLP [15] achieve competitive planning
performance using simplified designs (Figure 1(a)), but are
highly sensitive to input variations, such as changes in ego
speed [7]. In contrast, module-stacked architectures gener-
ally exhibit greater robustness. The key challenge, there-
fore, is to effectively combine the advantages of both ap-



proaches. We believe this can be achieved by better ex-
ploiting these intermediate modules, ensuring they actively
support rather than burden the planning module.

To further investigate the underutilization of intermedi-
ate modules, we focus on V2X cooperative scenarios, which
offer two key advantages relevant to our study. First, V2X
provides richer perceptual inputs, as infrastructure-side sen-
sors complement vehicle-side blind spots. As shown in
UniV2X [14], such cooperative design enhances percep-
tion, detection, and planning performance. This aligns with
our objective, as these intermediate modules receive richer
perceptual inputs, removing them is expected to have a
greater impact on planning performance. This allows us
to assess the true value of intermediate modules by observ-
ing the impact of masking their outputs. Second, the com-
plexity of intermediate modules is exacerbated in UniV2X
due to its dual-branch architecture spanning both vehicle
and infrastructure sides. Inheriting the modular design
of UniAD while extending it to a two-branch structure,
UniV2X results in deeper and more burdensome pipelines
(Figure 1(b,c)). We therefore adopt UniV2X as our base-
line, as it exemplifies the challenges we aim to address.

In our experiments, however, we observe that although
the V2X scenario provides richer perceptual information,
the intermediate modules of UniV2X do not effectively con-
tribute to the planning process. The planning module often
relies on simplified representations, such as BEV features
and ego status, bypassing deeper intermediate outputs. This
phenomenon underscores the underutilization of existing
modules, an overlooked bottleneck in current frameworks.
To address this problem, we propose the Optimized Multi-
Experts Guided Autonomous Driving (OMEGA) frame-
work. Rather than introducing new modules or redesigning
existing ones, OMEGA revitalizes intermediate modules by
transforming them into dedicated experts. This is achieved
through a Mixture-of-Experts (MoE) mechanism, which en-
ables the planning module to actively select and attend to
outputs from different intermediate modules. This frame-
work aims to realize the potential of intermediate modules
and alleviate the burden caused by increased architectural
depth (see Figure 1 (d)). To further quantify the impact of
intermediate modules, we also introduce the Contribution
Score, a metric that measures how much each module con-
tributes to the planning process.

Our key contributions are as follows:

* We propose a method to measure the contribution of inter-
mediate modules to the planning process, which is often
overlooked in existing frameworks.

* We present the OMEGA framework, which leverages
Mixture-of-Experts (MoE) mechanism to activate the
functional potential of intermediate modules.

* Our model improves the contribution scores of interme-

diate modules and reduces L2 Error ({19.1%), Collision
Rate (20.1%), and Off-Road Rate (147.3%) compared to
UniV2X, while also lowering transmission cost.

2. Related Work
2.1. Vehicle-side End-to-End Autonomous Driving

Vehicle-side end-to-end autonomous driving aims to di-
rectly map raw on-board sensor data to control ac-
tions within a unified framework. Some models focus
on modular integration via convolutional or transformer-
based backbones, including UniAD [4], VAD [6], Driv-
eTransformer [5], SparseDrive [10], MomAD [8], and
BridgeAD [16]. A parallel line of research frames plan-
ning as a generative problem, employing approaches such
as DiffusionDriveV2 [20], DiffusionPlanner [18], and
GenAD [17] to enhance trajectory diversity. Meanwhile,
Mixture-of-Experts (MoE) frameworks like DriveMoE [11]
and ARTEMIS [2] introduce modular mechanisms for
adapting to diverse driving scenarios. On the other hand,
several studies explore minimal-input alternatives. AD-
MLP [15] and BEV-Planner [7] demonstrate that MLPs us-
ing only ego-state inputs can achieve competitive open-loop
performance, raising concerns about whether perception is
fully utilized. These approaches reflect the increasing so-
phistication of vehicle-side frameworks, and our method
follows the trend of adapting single-agent designs to coop-
erative V2X settings.

2.2. Cooperative End-to-End Autonomous Driving

V2X systems introduce cooperative perception by en-
abling information sharing between multiple agents, includ-
ing vehicle-to-vehicle (V2V) and vehicle-to-infrastructure
(V2I) communication, thereby offering a broader envi-
ronmental context for autonomous driving. Early works
such as Coopernaut [1] demonstrate that shared perception
among networked vehicles can support end-to-end plan-
ning. UniV2X [14] extends the modular paradigm of
UniAD to the V2X setting and serves as a benchmark on
the V2X-Seq dataset [13]. V2XPnP [19] introduces a large-
scale V2X dataset for multi-agent perception and predic-
tion, enabling the study of spatio-temporal interactions in
V2X scenarios. The MAP method proposed in [12] reveals
that current end-to-end V2X models tend to underutilize the
online mapping module. Recent work such as UniMM-
V2X [9] explores MoE-enhanced multi-level fusion to se-
lectively aggregate heterogeneous V2X features from per-
ception to prediction.

While many V2X frameworks extend vehicle-side de-
signs, the role of intermediate modules in cooperative plan-
ning remains insufficiently examined. We adopt UniV2X
as a representative architecture to study whether such mod-
ules effectively contribute to planning. Although our ex-



periments are conducted in V2X settings, the insights apply
broadly to both cooperative and single-agent autonomous
driving models.

3. Method

3.1. Module Utilization Problem Formulation

In end-to-end autonomous driving models, perception and
prediction modules are often structured as intermediate
stages that pass high-dimensional features to the planning
module. While these modules are architecturally connected
to the planning module, their functional significance re-
mains ambiguous. That is, the presence of feature flow does
not guarantee that the planning decision actually depends on
these intermediate outputs.

We define module utilization as the extent to which a
module’s output influences the final trajectory planning per-
formance. A module is considered functionally utilized if its
absence leads to measurable degradation in planning qual-
ity. This definition distinguishes between mere structural
inclusion, in which a module is connected but not effec-
tively used, and true functional contribution.

Formally, let the set of intermediate modules be M =
{My, My, ..., M,}, where each M; produces an output f;.
The planner P receives { f; }_, to generate the final trajec-
tory § = P(f1, ..., fn). However, the degree to which each
fi influences ¢ remains unclear.

Our goal is to move from structural inclusion to func-
tional validation: we ask whether the final output ¢ signifi-
cantly changes when a particular f; is removed. This leads
to the diagnostic formulation introduced in the next subsec-
tion.

3.2. Module Contribution Metrics

To assess whether a module is functionally utilized, we pro-
pose a diagnostic approach based on performance degrada-
tion following module output suppression. Specifically, we
zero out the output of each intermediate module before it is
forwarded to the planning module and evaluate the resulting
change in planning performance.

Each method is evaluated using three standard metrics:
L2 Error, Collision Rate, and Off-road Rate. For each met-
ric, we report the average over the 2.5 s, 3.5 s, and 4.5 s
time horizons. To ensure comparability across metrics, we
apply a normalized improvement metric to all three indi-
cators. Following the evaluation protocol in [3], we set the
reference values xr to 3.5 m (L2 error), 2% (collision rate),
and 2.5% (off-road rate), and the corresponding improve-
ment ranges Trange t0 1.0m, 1.5%, and 2.5%, respectively.
The overall performance score is represented by:

Tref — T

P = (1)

ZTrange

Let P denote the planning performance of the full
model, and let P_j;, be the performance when the output
of module M, is zeroed out. We define the contribution
score C; for module M; as:

Pbase - PfMi
Pbase

Intuitively, a higher C; implies greater functional re-
liance on module M;, while a low or negative C; suggests
that the module’s output has little to no effect on planning
behavior. This formulation allows us to quantify the actual
contribution of modules such as tracking, motion predic-
tion, mapping and occupancy prediction modules in a uni-
fied manner.

In practice, we apply this probing strategy to the UniV2X
model on the V2X-Seq dataset. During evaluation, we se-
lectively zero out the output tensors of each intermediate
module before their fusion or attention integration into the
planning stream. By comparing the planning metrics across
these ablations, we gain empirical insight into which com-
ponents are actively used by the planner and which are
structurally present but functionally dormant.

C; = x 100% 2)

3.3. Architecture Overview

To address the underutilization of intermediate modules
in current V2X end-to-end frameworks, we propose the
Optimized Multi-Experts Guided Autonomous Driving
(OMEGA) architecture. OMEGA converts the outputs of
intermediate modules into domain-specific expert embed-
dings and introduces a structured routing and aggregation
mechanism to guide planning more effectively.

Figure 2 presents an overview of our method. The archi-
tecture comprises three major components:

* Plan Query Generator, which augments the original
planning query by incorporating current ego status infor-
mation.

* Expert Router, a two-layer routing system that dynam-
ically selects the most relevant experts based on current
ego status and BEV context.

» Experts Mixer, a Transformer decoder that integrates ex-
pert outputs with the enhanced planning query QP.

Together, these components form a modular framework
that enhances the functional impact of intermediate mod-
ules in trajectory planning.

3.4. Plan Query Generator

The Plan Query Generator augments the original planning
query by explicitly incorporating the current ego status and
driving command. The original query consists of a track
query encoding past motion and a trajectory query encoding
future intent. We encode the ego status through a linear
layer and the command through an embedding layer, and
concatenate them with the original query. (see Figure 3)
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Figure 2. The overall architecture of the model with OMEGA. OMEGA is a mechanism that can be integrated into multi-module end-to-
end autonomous driving models. It first extracts latent expert embeddings from intermediate module outputs and augments the original
plan query with current ego status information to generate the enhanced plan query Q”. The latent expert embeddings are then selectively
routed by the Expert Routers module, based on ego features and BEV features. Finally, QP is refined through the Experts Mixer module
to enable multi-expert collaborative planning. This approach addresses the critical challenge of underutilized intermediate modules in

planning. In this figure, BGA refers to bivariate gaussian activation.

The fused representation is processed by an MLP followed
by positional encoding to produce the enhanced planning
query QP for downstream planning.

3.5. Experts Router

To effectively assign appropriate experts, we design a two-
layer routing structure. The first layer, Ego Router, selects
high-level driving strategies based on the current ego status,
ensuring physically plausible decisions. The second layer,
BEV Router, refines expert selection using environmental
information. By separating ego-centric and scene-centric
signals, this design avoids feature ambiguity and improves
routing clarity.

3.5.1. Ego Router.

In our initial design, the ego router utilized discrete driving
commands as input. However, visualization results revealed
that this hard classification approach was unable to capture
the gradual transitions between driving commands, partic-
ularly during the fade-in and fade-out phases. As a result,
each command corresponded to a fixed trajectory pattern.
As shown in Figure 4, when command-based weights are
used, the ego router blindly follows the unchanged com-
mand, even if the vehicle is already transitioning to a new
direction.

To overcome this limitation, we replace command inputs
with a continuous representation of current ego status, in-
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Figure 3. Connect the learned past trajectory and predicted future
trajectory by injecting current ego status information
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Figure 4. Comparison between command-based and ego-status-
based routing. The ego router captures the smooth transition be-
tween turning and straight phases, avoiding rigid or overly curved
trajectories.

cluding velocity, acceleration, yaw rate, and heading angle
(encoded as cos(f) and sin(#)). This allows the router to
infer driving intent more fluidly, treating trajectory progres-
sion as a dynamic state rather than a fixed label. The im-
proved ego router supports softer transitions and enhances
trajectory realism.

Subsequently, the weight w, generated by the Ego
Router is incorporated into the fusion process as follows:

Eol = Zws - CrossAttn(EY, Foey, Fhev) 3)
s€L

Here, Z = {i,j,k, ...} denotes the index set of all experts
involved in the fusion, and its cardinality is setto N = 5.



3.5.2. BEV Router.

The BEV Router operates as a child module of the Ego
Router. Conditioned on the ego status routing result, N
BEV Routers are selected, and their outputs are aggre-
gated through a weighted sum, where the weights are pro-
vided by the Ego Router. Although each BEV Router
produces Nexperts OUtputs, we adopt a sparse Mixture-of-
Experts (MoE) mechanism to retain only the top-2 experts
with the highest routing weights. These weights from BEV
router are then used to compute a weighted combination
of the corresponding latent domain-specific expert features
Q.

The BEV Router produces four expert weights, from
which we select the top two as follows:

T = arg top-2 w; ()
i€{1,2,3,4}

Here, 7 denotes the set of top-2 indices from the expert

routing weights w1, wa, w3, Wy.

3.6. Experts Mixer

Our basic model comprises four experts: Q. derived
from tracking, Qi.j from motion prediction, @, from
mapping, and Qo from occupancy prediction. These are
collectively referred to as Qp, representing latent expert
queries. The query used for decoding the trajectory is de-
noted as QP, which is generated by the Plan Query Genera-
tor.

Q% € {Quack Qmapy Quajy Qocc},  fori € T, (5)
Each selected Q% corresponds to one of the latent expert
features from Qrack; Qmap> @trajs Qoce-
3.6.1. Shared Expert.

To enhance training stability, we retain the BEV-Planner
branch as a shared expert, serving as a stabilizing baseline
within the Mixture-of-Experts (MoE) framework.

3.6.2. Domain-specific Expert.

Each domain-specific expert employs QP as the query, with
Q@ serving as keys and values. Through a multi-head cross
attention mechanism, the Transformer Decoder extracts the
information from QP that aligns with the focus of each ex-
pert Q. Conceptually, this process “infuses” QP with the
characteristics of g, akin to tinting QP with the “color”
of the expert. The resulting domain-aware query is denoted
as Q4. Subsequently, cross-attention with Fzgy yields the
domain-specific output 4, as shown in Equation 3.

Qq = Z w; - CrossAttn(Q?, Q%, Q%), (6)
€T
The final domain-specific query )4 is computed by apply-
ing cross-attention between the planning query Q” and each
selected expert, followed by a weighted sum using the cor-
responding w;.

3.6.3. Experts Mixture.

Drawing inspiration from the Squeeze-and-Excitation (SE)
module in the computer vision domain, we incorporate
an analogous gating mechanism into our MoE framework.
Based on the routing coefficients produced by the Ego
router and the BEV router, the top two outputs of domain-
specific experts are first weighted and summed. Subse-
quently, the fused domain-specific expert and the shared
expert, denoted as E; and E, are passed to the SE mod-
ule, which dynamically adjusts their relative contributions.
This adaptive reweighting mechanism enables more effec-
tive and coherent integration of expert knowledge.

Let B5 € RBX1XC denote the output of the s-th domain-
specific expert with s € Z, and let E;, € REX1XC denote
the output of the shared expert. To obtain scalar descriptors
for each expert, we compute the average over the batch and
channel dimensions:

R G,
€q= B.-C ; ; (Efl)(b,1,c) ™
1 B.C
b= 5m 20 (B ®)

o
Il
-
I
-

C

These scalar descriptors, consisting of {€5}scz from
domain-specific experts and é, from the shared expert, are
concatenated into a vector:

s =[6i,€),k, .-, és]T € RVexperts+1 9)

where Neyperts = 4 corresponding to tracking, motion pre-
diction, mapping, and occupancy prediction.

This vector is passed through a two-layer fully connected
gating network:

a = ReLU(Ws) (10)
w = Softmax(Waa) (11)
where w = [w;, wj, w,...,ws]" € RNewnTl jg the

learned weight vector over all experts, and W3 and Wy are
learnable weight matrices.
The final fused representation is then computed as:

n s s
E:ws-Es—FE wy - By (12)
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Figure 5. (a) and (b) show the expert selection frequency compar-
ison without and with temperature when N = 3.



To ensure that all experts receive sufficient training dur-
ing the early stages, we apply a temperature-controlled soft-
max function to smooth the assignment weights, allowing
each expert’s corresponding transformer layer to be effec-
tively trained, as illustrated in Figure 5.

4. Experiments

4.1. Experimental Settings

Datasets and Metrics. The V2X-Seq dataset is a large-
scale, real-world benchmark designed for cooperative au-
tonomous driving. It comprises 72,890 frames of synchro-
nized 2D images and 3D LiDAR point clouds with ground-
truth annotations, captured at a frequency of 2 Hz. We con-
duct our experiments on the V2X-Seq-SPD subset, which
includes over 15,000 sequential frames across 95 distinct
scenes and serves as an official benchmark for evaluating
end-to-end autonomous driving models in the V2X context.
Planning performance is assessed using three primary met-
rics: L2 Error, Collision Rate, and Off-Road Rate. In addi-
tion, transmission cost is reported to evaluate communica-
tion efficiency.

Training Details. The model predicts the future trajectory
of the ego vehicle over a 5-second horizon, corresponding
to 10 discrete timesteps. All experiments are conducted on
two NVIDIA RTX A800 GPUs. We initialize the model
using the publicly released univ2x_coop.-e2e_stgl
checkpoint from UniV2X and adopt the same set of hyper-
parameters to ensure comparability. The total training time
is approximately 50 hours.

4.2. Module Contribution Studies

To validate our hypothesis about the underutilization of in-
termediate modules in existing frameworks, we conducted
a two-stage ablation study. First, we independently masked
each intermediate module in the original UniV2X model
and observed only marginal degradation in planning perfor-
mance, suggesting their limited contribution under the orig-
inal design. Second, after introducing our proposed frame-
work OMEGA, we repeated the masking process. This
time, the removal of intermediate modules led to a signif-
icant drop in performance, demonstrating that when fully
utilized, each module plays a critical role in the final trajec-
tory planning.

We first compute the performance scores of each test
model across three evaluation metrics: L2 error, collision
rate, and Off-Road Rate. The contribution score for each
metric is then calculated as the percentage difference be-
tween the performance score of the ablated model and that
of the full model. The total contribution score for each
ablation experiment is obtained by summing the contribu-
tion scores from the three metrics. In Table 1, contribution

scores are rounded to three significant digits, while other
values are reported with two decimal places.

4.2.1. Contribution Studies on the Baseline Model.

We adopt the normalized performance and contribution
score formulations from Section 3.2. Experiments on the
baseline model reveal that zeroing out certain intermedi-
ate modules leads to comparable or even improved Avg.
L2 Error compared to the full model, suggesting that these
modules contribute little, and in some cases may even im-
pair trajectory accuracy. For Collision Rate, the Occ Mod-
ule shows the highest contribution score, which is expected
since its output is used for post-processing outside the core
model. In contrast, masking the Seg Module yields negligi-
ble change in Off-Road Rate, indicating that map informa-
tion from the segmentation network is not effectively uti-
lized by the planner.

Overall, the Seg Module is the only one with a positive
total contribution score when aggregated across all metrics.
These findings highlight a substantial underutilization of in-
termediate modules in the baseline design.

4.2.2. Contribution Studies on Our Model.

With the proposed OMEGA framework, we observe that the
Motion Module exhibits the highest contribution to the L2
metric. This aligns with domain expectations, in contrast
to the baseline model where removing the Motion Module
yields minimal impact. Similarly, the Occ Module con-
tributes most significantly to the Collision Rate. Notably,
we remove the external post-processing step from the base-
line, enabling the Occ Module to participate directly in tra-
jectory planning as a latent expert within the model. Re-
garding the Off-Road Rate, the Seg Module demonstrates a
substantial contribution. This corrects the counterintuitive
behavior in the baseline model, where masking the output
of Seg Module had no effect on off-road performance. The
result indicates that our improved model is capable of effec-
tively leveraging the information produced by intermediate
modules.

Overall, the Total Contribution Score across all modules
is positive, suggesting that OMEGA successfully addresses
the issue of underutilized intermediate modules by promot-
ing their functional integration into the planning process.

Moreover, the ablation results presented in Table 3
clearly demonstrate the effectiveness and necessity of each
component in the proposed OMEGA framework, confirm-
ing that every module contributes meaningfully to the coop-
erative planning performance.

4.2.3. Comparison with Other Methods.

We compared our model with several existing baselines in
Table 2 and highlight two representative types: a simple
end-to-end autonomous driving model without intermedi-
ate modules, and a UniAD-like model with extensive inter-



Ablation Setting | L2 Error (m) | | Col. Rate (%) | | Off-Road Rate (%) | | Perf. 1 | Contr. (%) T

| Avg. | Avg. | Avg. | L2 Col Off Total| L2 Col Off Total
Full UniV2X* 3.46 0.34 0.74 0.04 1.11 070 185 — — — —
- Track 343 0.74 0.89 0.07 0.84 0.64 1.55|-75.0 24.3 8.57 -42.2
- Seg 3.46 0.44 0.74 0.04 1.04 0.70 1.78|0.00 6.31 0.00 6.31
- Motion 3.43 0.74 0.94 0.07 0.84 0.62 1.53|-75.0 243 114 -39.3
-Occ ¥ 343 1.08 0.89 0.07 0.61 0.64 1.32|-75.0 45.0 8.57 -21.4
Full OMEGA 2.80 0.27 0.39 0.70 1.15 0.84 269 — — — —
- Track 291 0.34 0.86 0.59 1.11 0.64 2.34|15.7 3.48 23.8 43.0
- Seg 3.18 0.30 1.59 0.32 1.13 0.36 1.81|54.3 1.74 57.1 113
- Motion 3.32 0.40 0.66 0.18 1.07 0.74 199|743 696 119 93.2
- Occ 2.92 0.56 0.63 0.58 0.96 0.75 2.29|17.1 16.5 10.7 44.3

Table 1. Comparison of ablation experiments for UniV2X and OMEGA models. We zeroed out the queries of the different intermediate
modules and retrained the collaborative planning stage. * indicates re-training was done on our own hardware. f indicates occupancy
output was only used in post-process. Perf. = Performance Score, Contr. = Contribution Score.

Method ‘ L2 Error (m) | ‘ Col. Rate (%) | ‘ Off-Road Rate (%) | ‘Transm. Cost (BPS) |
|2.5s 3.5s 4.5s Avg.|2.5s 3.5s 4.5s Avg.|25s 3.5s 4.5s Avg|

CooperNaut [1] 3.84 533 6.87 535|044 1.33 1.93 1.23]0.15 0.15 1.33 0.54 8.19 x 107
UniV2X No Fusion 258 3.37 436 3.44[0.15 1.04 1.48 1.08 |0.44 0.56 2.22 1.08 0

UniV2X Vanilla 233 3.69 5.12 3.71(0.59 2.07 3.70 2.12]0.15 1.33 4.74 2.07 8.19 x 107
UniV2X BEV Fusion |2.31 3.29 431 330[0.00 1.04 1.48 0.83|0.44 0.44 1.91 0.93 8.19 x 107
UniV2X' 2.55 3.35 4.47 3.46(0.00 0.44 0.59 0.34]0.30 0.74 1.19 0.74 8.09 x 10°
UniV2X + Ego Status™ | 2.41 3.19 4.24 3.28|0.74 1.04 0.74 0.84|1.33 1.33 1.18 1.28 8.09 x 10°
BEV-Planner [7] 229 3.12 4.11 3.17[0.00 0.74 1.04 0.59]0.44 0.74 1.11 0.94 8.19 x 107
OMEGA (Ours) |1.88 2.78 3.74 2.80[0.00 0.15 0.67 0.27[0.15 0.15 0.86 0.39|  1.69 x 10°"

Table 2. Comparison of L2 error, collision rate, Off-Road Rate, and transmission cost across different methods. “For OMEGA, we do not
apply the same post-processing as in UniV2X; thus, the transmission cost of occupancy probability maps is omitted. All other UniV2X

data, except for the value marked with ¥, are cited from [14].

Settings L2(m) | Col.(%) ] Off.(%)| Perf.
wo EM 351 0.59 0.89 1.57
wo ER 3.17 0.37 0.67 2.15
wo PQG 2.96 0.31 0.61 243
wo temperature  2.87 0.29 0.46 2.59
Full model 2.80 0.27 0.39 2.69

Table 3. Average value, PQG stands for Plan Query Generator, ER
stands for Experts Router, EM stands for Experts Mixer.

mediate processing. Our model outperforms both, show-
ing that making full use of intermediate modules is more
effective than simply removing them. This addresses the
concern raised by [7] and [15], which argue that an accu-
mulation of intermediate modules may burden planning. To
ensure a fair comparison and isolate the effect of our de-
sign, we added the same ego status information to the base-
line model, demonstrating that the performance gain stems

from our architecture rather than additional input features.

4.2.4. Qualitative Analysis.

Figure 6 presents a representative example at a complex in-
tersection. The green trajectory corresponds to the ground-
truth, while the orange trajectory shows the output of our
model. The close alignment between them indicates that the
model generates accurate and stable trajectories in complex
urban scenarios.

In this example, the vehicle smoothly navigates through
the transitional phases of entering and exiting the intersec-
tion, aligning with the design objective described in Sec-
tion 3.5. This suggests that the model handles continuous
driving states, rather than reacting only to discrete com-
mand switches. In the End Turning phase of the TURN
RIGHT case, the predicted trajectory avoids a nearby vehi-
cle near the end of the planning horizon, while the ground-
truth does not. This indicates that the model produces safer
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Figure 6. Qualitative comparison between the model trajectory
(orange) and the ground-truth trajectory (green) in a complex turn-
ing scenario.

maneuvers by accounting for potential risks, rather than
strictly imitating demonstration trajectories. Such behavior
reflects improved decision adaptability in complex traffic
situations.

5. Conclusion

In this work, we propose the Optimized Multi-Experts
Guided Autonomous Driving (OMEGA) framework,
which builds upon the UniV2X baseline by emphasizing
effective utilization of each intermediate module. We re-
visit the role of intermediate modules and propose a frame-
work that effectively treats each of them as an expert, and
selects experts who can optimize the current planning deci-
sion based on current ego status and BEV features. Through
the MoE concept, each module can dynamically maximize
its domain-specific contribution. Consequently, without
relying on any post-processing steps, our model achieves
competitive results on the V2X-Seq dataset. These find-
ings highlight the importance of fully utilizing intermediate
modules in end-to-end autonomous driving models. We be-
lieve that our rethinking of the V2X end-to-end autonomous
driving paradigm offers valuable insights into the design
and improvement of future autonomous driving systems.
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